
Abstract
Transfer learning and few-shot learning are pivotal advancements in machine learning that address the challenges of 
data scarcity and computational efficiency. Traditional machine learning models often require large labeled datasets and 
extensive training to achieve high performance, which can be prohibitive in domains where annotated data is limited or 
expensive to obtain. Transfer learning mitigates this problem by leveraging knowledge gained from one task or domain 
to improve learning efficiency and performance on a related task. Pretrained models, often trained on massive datasets, 
serve as a foundation that can be fine-tuned for specific applications, significantly reducing the need for extensive task-
specific data and computational resources.
Few-shot learning further extends this paradigm by enabling models to generalize from a minimal number of labeled 
examples, closely mimicking human learning capabilities. Through meta-learning, metric-based approaches, or parameter-
efficient adaptation, few-shot learning algorithms can quickly adapt to new tasks with limited supervision, making them 
particularly valuable in rapidly changing or low-resource environments. Applications span natural language processing, 
computer vision, healthcare diagnostics, robotics, and personalized AI systems, where the ability to generalize from sparse 
data is critical.
Despite their promise, transfer learning and few-shot learning introduce challenges related to domain mismatch, overfitting, 
and model interpretability. Ensuring effective knowledge transfer requires careful selection of source tasks, adaptation 
strategies, and evaluation methods. Furthermore, addressing biases present in source datasets is crucial to avoid propagating 
errors or unfair predictions in target tasks.
Overall, transfer learning and few-shot learning are transforming machine learning by enabling faster, more flexible, 
and data-efficient model development. They open opportunities for innovation across a wide range of fields, providing 
a foundation for AI systems that can learn effectively even under constraints of limited data, while also highlighting the 
need for robust evaluation, domain alignment, and ethical considerations.
Keywords: Transfer Learning, Few-Shot Learning, Meta-Learning, Knowledge Transfer, Pretrained Models, Low-Resource 
Learning, Data-Efficient AI, Model Adaptation, Generalization, Domain Adaptation.
Journal of Science, Technology and Social Transformation (2025)	 DOI: 10.64235/pftd3y44

Transfer Learning and Few-Shot Learning
Ahmed Musah*

Ball State University 

Corresponding Author: Shemika L. Harris, Doctor of Business 
Administration (Leadership), Logistics and Supply Chain 
Management, United States, Email: ahmed.musah@bsu.edu
How to cite this article: Harris, S.L. (2025). Applying 
Transformational Leadership and LMX Theory to Succession 
Planning in Logistics SMEs. Journal of Science, Technology 
and Social Transformation 1(2), 30-36.
Source of support: Nil
Conflict of interest: None

Journal of Science, Technology and Social Transformation

 
Journal of Science, Technology and Social Transformation	 Volume 1, Issue 02, 2025

Introduction
Artificial Intelligence (AI) has become a cornerstone of 
modern technology, enabling machines to perform tasks 
that traditionally required human intelligence, including 
perception, reasoning, prediction, and decision-making. 
At the heart of AI, Machine Learning (ML) provides systems 
with the ability to learn patterns from data, improve 
performance over time, and make autonomous decisions 
without explicit programming. ML models, especially deep 
learning architectures, have achieved remarkable success 
across a variety of domains, ranging from natural language 
understanding and computer vision to healthcare diagnostics 
and autonomous systems (Sule et al., 2023).

However, despite these achievements, training AI 
models from scratch presents significant challenges. High-
performing models often demand vast amounts of labeled 
data, extensive computational resources, and prolonged 

training times (Olley & Orhewere, 2023). In many real-
world applications, such as medical imaging, rare event 
prediction, or low-resource languages, obtaining sufficient 
annotated data is difficult, expensive, or even impractical 
(Olley & Alajemba, 2022). Furthermore, computational costs 
associated with large-scale training not only pose financial 
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burdens but also raise environmental and accessibility 
concerns, limiting the adoption of AI solutions across smaller 
organizations or under-resourced environments (Jabed et al., 
2022). These limitations highlight the need for approaches 
that can reduce data dependency and accelerate learning 
while maintaining high model performance (Santos, 2022).

Transfer Learning (TL) has emerged as a powerful 
technique to address these challenges. Instead of training 
models entirely from scratch (Routhu, 2018), TL leverages 
knowledge learned from one domain or task and applies 
it to a related task. By reusing pretrained models—often 
trained on massive, generic datasets—developers can fine-
tune them for specific applications, significantly reducing 
the data and computational requirements. This approach 
mirrors human learning, where prior experience informs 
performance in novel but related situations, enabling AI 
systems to generalize knowledge efficiently (Cao et al., 2022).

Few-Shot Learning (FSL) extends this concept further by 
enabling models to learn effectively from only a handful of 
examples (Miller et al., 2022). Whereas traditional supervised 
learning requires hundreds or thousands of labeled 
instances, FSL techniques (Routhu, 2019a), through meta-
learning, similarity-based methods, or parameter-efficient 
adaptation (Routhu, 2019b), allow AI systems to generalize 
from extremely limited data. This capability is especially 
valuable in domains where annotated data is scarce or 
rapidly evolving, such as rare disease detection, specialized 
industrial processes, or emerging languages. Few-shot 
learning therefore brings AI closer to human-like adaptability, 
where rapid understanding can occur with minimal exposure 
(Turrisi da Costa et al., 2022).

The objective of exploring transfer learning and few-shot 
learning is to understand how these approaches enable more 
efficient, flexible, and accessible AI development (Ozsoy et al., 
2022). They provide solutions to some of the most pressing 
limitations of modern machine learning—data scarcity, high 
computational costs, and slow adaptation—while opening 
opportunities for applications in diverse (Haresamudram 
et al., 2022), real-world scenarios. By leveraging prior 
knowledge and enabling rapid learning from minimal 
examples (Barbalau et al., 2022), TL and FSL represent crucial 
steps toward intelligent systems that are both practical and 
widely deployable, even in resource-constrained settings 
(Lemkhenter & Favaro, 2022).

Transfer Learning (TL)
Transfer learning is a transformative paradigm in machine 
learning that allows models to leverage knowledge gained 
from one task or domain to improve performance on a related 
task. Unlike traditional approaches where models are trained 
from scratch for each specific application (Zhang, 2022), 
transfer learning capitalizes on pretrained models, which 
have already learned useful features from large-scale datasets. 
This reuse of knowledge significantly reduces the amount of 
labeled data, computational resources (Routhu, 2020a), and 

training time required for new tasks. It is particularly valuable 
in domains where annotated data is scarce or expensive to 
obtain, enabling AI systems to generalize effectively with 
limited supervision (Routhu, 2020b).

The concept of transfer learning is grounded in the idea 
that knowledge is often reusable across tasks. For example, 
features learned by a convolutional neural network on a 
large image dataset can serve as a strong starting point 
for recognizing medical images, even if the target task 
differs in content (Wilfred et al., 2021). Similarly, language 
representations learned by large language models on generic 
text corpora can be adapted for specialized applications 
such as sentiment analysis, question answering, or legal 
document classification (Ate et al., 2022). By building on 
pretrained representations, transfer learning enables faster 
convergence, improved accuracy (Olley et al., 2022), and 
efficient use of computational resources (Abdulazeez et al., 
2022).

Transfer learning can manifest in several forms depending 
on the relationship between source and target tasks or 
domains. Inductive transfer learning involves scenarios where 
the source and target tasks differ but are within the same 
or similar domain, requiring the model to adapt learned 
features to new objectives. Transductive transfer learning 
occurs when the tasks are similar, but the domains differ, such 
as adapting a sentiment analysis model trained on English 
text to analyze reviews in another language (Polu et al., 2021). 
Unsupervised transfer learning extends the concept to cases 
where labeled data is unavailable, and the goal is to transfer 
representations learned from unsupervised pretraining to 
downstream tasks. These variations allow transfer learning 
to be flexibly applied across a wide spectrum of real-world 
challenges (Bitkuri et al., 2021).

The approaches used in transfer learning are diverse 
and tailored to the task and domain. One common method 
is feature extraction, where representations learned by the 
source model are reused as inputs for a new task, often 
coupled with a lightweight classifier (Attipalli et al., 2021). 
Fine-tuning goes a step further by adjusting the weights of 
the pretrained model on the target task, allowing the network 
to adapt its internal representations to task-specific patterns. 
Domain adaptation techniques aim to reduce discrepancies 
between source and target distributions, ensuring that 
knowledge transfer remains effective despite domain 
differences. Multi-task learning simultaneously trains models 
on multiple related tasks, facilitating shared representations 
that generalize more broadly (Singh et al., 2021).

Transfer learning has enabled breakthroughs across 
numerous AI applications. In natural language processing, 
models like BERT and GPT leverage pretraining on vast 
text corpora to perform complex language understanding 
and generation tasks with minimal task-specific data 
(Kothamaram et al., 2021). In computer vision, convolutional 
neural networks pretrained on datasets such as ImageNet 
provide foundational feature extractors for applications 
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ranging from autonomous driving to medical imaging. 
Speech recognition and audio analysis similarly benefit 
from pretrained acoustic representations, while healthcare 
diagnostics use pretrained models to detect anomalies in 
medical scans or assist in predictive analytics (Rajendran et 
al., 2021). Through these applications, transfer learning has 
demonstrated its ability to make AI systems more efficient, 
adaptable, and accessible, even in domains where labeled 
data is limited or highly specialized (Attipalli et al., 2021).

Few-Shot Learning (FSL)
Few-shot learning represents a significant advancement 
in machine learning, addressing the challenge of learning 
effectively from extremely limited labeled data (Routhu, 2021). 
Unlike conventional supervised learning, which relies on large 
annotated datasets, few-shot learning enables models to 
generalize from only a handful of examples. This capability is 
particularly important in low-resource environments, where 
data collection is expensive, time-consuming, or infeasible 
(Gupta et al., 2024). Few-shot learning mimics human learning: 
just as a person can recognize a new object or concept after 
seeing it only a few times (Narra et al., 2024), AI systems 
can adapt quickly to new tasks with minimal supervision 
(Achuthananda et al., 2024).

The motivation for few-shot learning stems from practical 
constraints in many real-world domains. In specialized 
applications such as rare disease detection (Waditwar, 
2024), emerging language processing, or robotics in novel 
environments, acquiring large datasets is not always possible. 
Without effective learning from limited data (Bitkuri et al., 
2024), AI systems would struggle to perform reliably, limiting 
their applicability (Mamidala et al., 2024). Few-shot learning 
addresses this gap, enabling AI models to be both data-
efficient and adaptable (Waditwar, 2024).

Several key techniques underpin few-shot learning. 
Metric-based approaches focus on learning a similarity 
measure between examples, allowing models to classify new 
instances by comparing them to a small set of labeled support 
examples. Siamese networks, prototypical networks, and 
relation networks are prominent examples of this approach, 
each learning embeddings or prototype representations that 
facilitate rapid generalization to unseen classes (Attipalli et 
al., 2024).

Optimization-based methods, on the other hand, aim to 
train models that can quickly adapt to new tasks with minimal 
gradient updates (Tamilmani et al., 2024). Model-agnostic 
meta-learning (MAML) is a notable technique in this category, 
designing models with parameters that are sensitive to small 
adjustments, allowing fast adaptation during fine-tuning on 
few-shot tasks (Singh et al., 2024). Gradient-based adaptation 
techniques similarly focus on optimizing the learning process 
to enable rapid convergence with limited data (Gangineni 
et al., 2024).

Memory-augmented methods incorporate external 
memory components that store task-specific knowledge, 

enabling the model to recall relevant information when 
confronted with new examples (Sagili et al., 2024). These 
architectures combine the benefits of neural networks with 
structured memory access, allowing for flexible learning 
that can handle diverse tasks with sparse supervision (Sagili 
& Kinsman, 2024).

Few-shot learning has demonstrated impact across 
multiple domains (Sagili et al., 2024). In natural language 
processing, it allows text classification, sentiment analysis, 
and question-answering models to operate effectively 
even with minimal labeled examples (Sagili et al., 2025). In 
computer vision, few-shot models can recognize objects or 
detect anomalies using only a small number of images, which 
is particularly valuable in medical imaging or surveillance 
applications. In robotics, few-shot learning enables machines 
to acquire new behaviors or manipulation skills from limited 
demonstrations, accelerating deployment in dynamic 
environments. In healthcare, these techniques facilitate 
disease prediction and diagnostics in scenarios where patient 
data is scarce or costly to annotate (Routhu, 2024).

By enabling rapid generalization from minimal data, 
few-shot learning complements transfer learning to make 
AI systems more adaptable, efficient, and applicable in 
real-world, resource-constrained contexts. This capability is 
critical for expanding AI deployment to domains where data 
limitations have traditionally hindered performance, making 
AI more flexible, responsive, and human-like in its learning 
abilities (Routhu, 2024).

Relationship Between Transfer Learning and 
Few-Shot Learning
Transfer learning and few-shot learning are closely 
interconnected paradigms that together address one of the 
most significant challenges in modern AI: learning effectively 
with limited labeled data. Transfer learning provides a 
foundation by enabling models to leverage knowledge 
gained from large-scale pretraining on source tasks or 
domains. This pretrained knowledge forms a rich set of 
features and representations that can be adapted for related 
tasks, dramatically reducing the data and computational 
requirements for training new models from scratch. In 
essence, transfer learning acts as a knowledge reservoir, 
supplying models with a head start when approaching new 
learning problems.

Few-shot learning complements this approach by 
enabling the model to generalize effectively from a minimal 
number of labeled examples, even when the target task 
or domain is significantly different from the source. While 
transfer learning reduces the burden of starting from scratch, 
few-shot learning ensures that models can adapt quickly 
and efficiently when data is extremely scarce. Together, 
the two paradigms create a powerful combination: transfer 
learning provides pretrained representations that encode 
generalizable patterns, and few-shot learning refines these 
representations for rapid adaptation to novel tasks.
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A practical example of this integration can be observed in 
natural language processing with large language models 
(LLMs). Models such as GPT, BERT, and T5 are first pretrained 
on massive text corpora, capturing extensive linguistic, 
semantic, and contextual knowledge. When applied to a new 
NLP task with very few labeled examples—such as sentiment 
analysis in a niche domain or classification of medical 
reports—few-shot learning techniques allow the pretrained 
model to adapt quickly, performing the task accurately with 
minimal supervision. The pretrained LLM acts as a foundation, 
while the few-shot learning methodology ensures task-
specific generalization without extensive retraining.

Beyond NLP, similar synergies appear in computer vision, 
healthcare diagnostics, robotics, and speech processing. In 
medical imaging, pretrained convolutional neural networks 
can be fine-tuned using a few annotated scans to detect 
rare diseases. In robotics, models pretrained on general 
manipulation tasks can be adapted to learn new behaviors 
from just a few demonstrations. By combining transfer 
learning and few-shot learning, AI systems become highly 
data-efficient, flexible, and capable of operating in domains 
where collecting large labeled datasets is impractical or 
impossible.

Ultimately, the relationship between transfer learning 
and few-shot learning highlights a broader principle in AI: 
leveraging prior knowledge while enabling rapid adaptation. 
This synergy is central to developing intelligent systems 
that mimic human learning capabilities—drawing on 
experience, generalizing patterns, and adapting quickly to 
new challenges—even in resource-constrained settings.

Benefits
The combination of transfer learning and few-shot learning 
offers significant advantages that address some of the most 
pressing limitations in conventional machine learning. One 
of the primary benefits is the dramatic reduction in data and 
labeling requirements. By leveraging pretrained models, 
transfer learning allows AI systems to capitalize on knowledge 
acquired from large datasets, reducing the need for extensive 
task-specific annotations. Few-shot learning further extends 
this efficiency by enabling models to generalize from just a 
handful of labeled examples. Together, these approaches 
make AI feasible in domains where acquiring labeled data 
is costly, time-consuming, or practically impossible, such as 
rare disease diagnosis, specialized industrial applications, or 
low-resource languages.

In addition to data efficiency, transfer learning and few-
shot learning accelerate model development and reduce 
computational costs. Pretrained models eliminate the need 
for training deep networks from scratch, which can require 
vast amounts of processing power and energy. By fine-tuning 
or adapting existing models, developers achieve faster 
convergence and shorter training times. Few-shot learning 
enhances this efficiency by minimizing the number of 
gradient updates needed to achieve competent performance 

on new tasks, making AI solutions more accessible to 
organizations without extensive computing infrastructure.

Another major advantage lies in improved generalization 
across tasks and domains. Transfer learning provides models 
with foundational representations that capture broad 
patterns and structures in data, which can be adapted to 
various applications. Few-shot learning ensures that these 
representations can be efficiently fine-tuned for novel tasks, 
even with minimal supervision. This combination allows AI 
systems to maintain high performance when deployed in 
diverse, real-world scenarios, overcoming the limitations of 
models that are narrowly trained on task-specific data.

These benefits also expand the reach of AI into resource-
constrained settings, including remote healthcare, small 
businesses, and emerging markets. By requiring less data, 
computational power, and training time, transfer learning 
and few-shot learning enable high-quality AI applications 
in environments that would otherwise be unable to support 
large-scale model development. This democratization of 
AI allows organizations and researchers across different 
sectors to leverage state-of-the-art technologies, fostering 
innovation and practical problem-solving even under 
constraints.

Overall, the integration of transfer learning and few-
shot learning provides a pathway to more efficient, flexible, 
and widely deployable AI systems. By reducing resource 
requirements, accelerating training, and improving 
generalization, these approaches make advanced AI 
accessible, adaptable, and practical for a broad spectrum of 
real-world challenges.

Challenges and Limitations
Despite their transformative potential, transfer learning 
and few-shot learning face several inherent challenges 
and limitations that can affect performance, reliability, and 
practical deployment. One notable issue is negative transfer, 
which occurs when knowledge acquired from a source task 
does not align well with the target task and actually hinders 
performance. This misalignment can arise due to differences 
in data distributions, task objectives, or feature relevance, 
highlighting the importance of careful task selection and 
domain analysis before applying transfer learning. Negative 
transfer remains a critical concern, particularly when working 
across substantially different domains or highly specialized 
tasks.

Domain shift and distribution mismatch further 
complicate effective knowledge transfer. Even when tasks 
are conceptually related, variations in input distributions 
between the source and target datasets can lead to degraded 
model performance. For example, a convolutional neural 
network pretrained on natural images may struggle to 
generalize to medical imaging without sufficient adaptation. 
Ensuring that the transferred knowledge remains relevant 
and useful in the target domain often requires domain 
adaptation techniques, fine-tuning strategies, or careful 
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preprocessing of data, all of which add complexity to the 
workflow.

Selecting an appropriate pretrained model is another 
critical consideration. Not all pretrained models are equally 
suitable for every target task, and choosing the wrong 
foundation can reduce efficiency, increase computational 
overhead, or exacerbate negative transfer. This challenge 
is amplified by the rapid proliferation of large-scale models 
in NLP, vision, and multimodal AI, where differences in 
architecture, training data, and objectives can significantly 
impact downstream task performance. Evaluating and 
benchmarking candidate models for compatibility with 
specific tasks is often a resource-intensive process.

Few-shot learning, while highly data-efficient, introduces 
its own set of vulnerabilities. Models trained with extremely 
limited examples are highly sensitive to noise and outliers, 
which can disproportionately affect generalization. A single 
mislabeled example or anomalous input can significantly 
skew the model’s understanding of a task, leading to poor 
performance. Developing robust few-shot methods that 
maintain accuracy in the presence of noisy or imperfect data 
remains an ongoing research challenge.

Finally, scalability issues arise in many meta-learning and 
few-shot learning approaches. Techniques such as model-
agnostic meta-learning (MAML) or memory-augmented 
networks can become computationally expensive when 
applied to large datasets, multiple tasks, or high-dimensional 
input spaces. While these methods are effective in small-scale 
benchmark scenarios, scaling them to real-world applications 
with many classes, modalities, or continuously evolving 
data streams often demands additional optimization, 
approximations, or hybrid strategies.

In summary, while transfer learning and few-shot learning 
offer substantial efficiency and adaptability benefits, careful 
consideration of negative transfer, domain alignment, model 
selection, data quality, and scalability is essential. Addressing 
these limitations is crucial for deploying reliable, robust, and 
high-performing AI systems in practical, real-world contexts.

Future Directions
The future of transfer learning and few-shot learning is focused 
on expanding their flexibility, efficiency, and applicability 
across increasingly complex and diverse domains. One 
promising direction is cross-domain few-shot learning, which 
aims to enable models to generalize effectively across tasks 
and domains with significant differences in data distributions 
or modalities. Achieving robust cross-domain adaptation 
would allow AI systems to transfer knowledge learned from 
one context—such as natural images—to entirely different 
domains, like medical imaging or satellite data, even with 
minimal labeled examples. This capability would substantially 
broaden the reach and utility of AI in real-world, low-resource 
scenarios.

Another emerging direction is the integration of transfer 
learning, few-shot learning, and self-supervised learning. 

Self-supervised techniques allow models to pretrain on 
large amounts of unlabeled data, extracting meaningful 
representations without requiring costly annotation. 
When combined with transfer and few-shot learning, these 
approaches can dramatically reduce dependency on labeled 
data, enabling models to adapt quickly and efficiently to new 
tasks. This synergy can be particularly valuable in domains 
where both labeled and unlabeled data are available but 
annotation is expensive or limited, such as in healthcare or 
specialized scientific research.

Multimodal AI systems present another frontier for future 
research. Current few-shot and transfer learning approaches 
are often tailored to single modalities, such as text or images, 
but many real-world applications require reasoning across 
multiple data types. Future methods will need to develop 
robust adaptation strategies that can integrate knowledge 
from text, images, audio, and structured data simultaneously, 
enabling models to perform few-shot learning in complex, 
multimodal environments. This will be crucial for applications 
like autonomous systems, multimodal diagnostics, and 
intelligent personal assistants.

Automation of transfer learning workflows is also a key 
area of development. Automated transfer learning pipelines 
can simplify the selection of source models, fine-tuning 
strategies, and hyperparameter optimization, reducing 
the expertise and effort required to apply these methods 
effectively. By leveraging automated tools, organizations can 
deploy high-performing AI systems more rapidly and reliably, 
even in resource-constrained settings.

Finally, the establishment of standardized benchmarks 
for few-shot evaluation will be essential for guiding research 
and assessing progress. Benchmarks that cover diverse tasks, 
domains, and modalities will provide consistent criteria 
for measuring generalization, efficiency, and robustness. 
Standardization will also facilitate fair comparisons between 
methods and accelerate the development of universally 
applicable techniques.

In sum, future directions in transfer learning and few-
shot learning aim to enhance adaptability, cross-domain 
generalization, and data efficiency, while integrating 
automation and multimodal reasoning. These advancements 
promise to make AI more versatile, accessible, and capable 
of solving complex real-world problems with minimal 
supervision.

Conclusion
Transfer learning and few-shot learning represent two of the 
most impactful approaches in modern machine learning, 
offering solutions to the persistent challenge of data scarcity. 
Transfer learning allows AI models to leverage knowledge 
from pretrained models, reducing the need for large labeled 
datasets and lowering computational costs, while few-shot 
learning enables rapid adaptation to new tasks with minimal 
supervision. Together, these paradigms form a synergistic 
framework in which pretrained representations provide a 
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foundation for efficient learning, and few-shot techniques 
refine this knowledge to generalize effectively to novel tasks 
and domains.

The integration of these approaches has proven crucial 
across a wide range of applications, including natural 
language processing, computer vision, healthcare diagnostics, 
robotics, and multimodal AI systems. By enabling models to 
learn quickly from limited data, TL and FSL accelerate AI 
deployment, making advanced machine learning accessible 
even in resource-constrained environments or low-data 
scenarios. This capability not only improves efficiency but 
also opens opportunities for innovation in domains where 
collecting extensive datasets is impractical or costly.

Looking forward, continued research in transfer learning 
and few-shot learning will focus on enhancing robustness, 
improving cross-domain generalization, incorporating 
multimodal reasoning, and automating adaptation processes. 
These efforts aim to create AI systems that are both data-
efficient and highly adaptable, capable of performing 
reliably in diverse, real-world environments. Ultimately, 
TL and FSL are paving the way for intelligent, flexible, and 
generalizable AI systems that can operate effectively under 
low-data constraints, bringing the vision of more accessible 
and human-like machine learning closer to reality.
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